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Abstract
Since the year 2000, at least 300 disasters occurred annually, catching more than 100 million
people unprepared and in need of international assistance every year. The United Nations
operates five humanitarian response depots (UNHRDs), stocked with over 1,000 types of
humanitarian relief items. In the event of an emergency, the UNHRDs deploy the
pre-positioned stocks to meet the initial demand of those people affected. Our thesis
evaluates the response capacity of the UNHRDs to a single potential disaster: what
percentage of total affected people can be served and in what time period. Developed from a
stochastic linear programming model, this two-part index assumes that the depots operate as a
network, lead times are proportional to distances from depots, and stockpiles are optimized
individually for each relief item. Given a specific level of initial inventory for each item,
the model also provides insight into how to distribute relief items throughout the five depots
to minimize the expected delivery time. Based on a marginal benefit analysis, each unit of
inventory is allocated to a depot to minimize the total expected delivery times to disasters.
We describe how the UNHRDs and other humanitarian relief organizations can strategically
pre-position limited emergency relief resources to maximize their capacity to respond to
disasters.
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"Humanitarian aid cannot only intervene after the event to support victims,
but as a defense of human rights, it is also aform ofprevention" (Beristain, 2006).
1. Introduction
When a disaster calamitous enough to necessitate international assistance strikes, many
international, governmental, and non-governmental organizations deliver emergency relief
items in an attempt to assist those affected by the catastrophe. If there is a lack of coordination,
needs assessment, and preparation time, such support can be chaotic and inefficient.
To address these issues, the United Nations' World Food Programme (WFP)
established the first United Nations Humanitarian Response Depot (UNHRD) in Brindisi, Italy
in the year 2000, with the strategic purpose of coordinating the shipments of relief items to
each disaster site. Now expanded to five warehouses around the world, the UNHRDs
stockpile over five million humanitarian aid items on behalf of over 50 humanitarian
organizations. Known as a "preparedness tool" (UNHRD, 2013), the UNHRDs reduce
overall logistics expenses and decrease response times, when compared with humanitarian
relief organizations acting independently. Assuming the WFP can coordinate the
deployment of emergency relief items on behalf of all organizations with stockpiles in the
UNHRDs, this network approach would result in more productive logistics operations, cost
efficiency, and lives saved.
The purpose of our research was to assess how emergency relief items are currently
stocked throughout the depot network. Using stochastic linear programming (LP), we
developed a measurement index to evaluate the UNHRDs' response capacity to disasters.
By response capacity, our thesis aimed to calculate how well-equipped the inventories in the
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depot network were expected to meet the needs of those affected by large disasters.
Specifically, we used historic disaster data to examine how fast the UNHRD network can
deploy an individual item to multiple disaster site scenarios to most quickly serve people
affected during the initial emergency period after the onset of a disaster. We also assessed
the percentage of beneficiaries who may be served given current inventory allocations and in
what period of time. Partnered with MIT's Humanitarian Response Lab, we established an
initial humanitarian response index that may aid the WFP in reassessing its inventory strategy
for disaster relief stockpiles.
The measurement of response capacity is crucial to all humanitarian relief
organizations, despite the nominal attention it is given in practice. To increase preparedness
to meet the needs of those affected by disasters, organizations like the WFP must know their
inventory's capacity to respond to potential victims. According to the Fritz Institute, a
nonprofit organization that specializes in disaster response solutions, logistics is the backbone
of humanitarian relief organizations: their "chief task is the timely mobilization of financing
and goods from international donors and administering relief to vulnerable beneficiaries at
disaster sites across the globe" (Fritz Institute, n.d.). By consolidating the delivery of relief
items to countries affected, the UNHRDs reduce both the competition for transportation
services and the congestion of arrivals at disaster sites. Understanding how to optimize
stockpile levels and position inventory throughout the depot network is directly related to
how quickly the depots can serve those affected by disasters, thus benefitting both the donors
and beneficiaries. Before we address these issues, however, we define the terms to
represent disasters, disaster response, humanitarian aid, stockpiling, and preparedness.
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1.1 Background
Section i: Classification of a Disaster
The Centre for Research on the Epidemiology of Disasters (CRED), located in Brussels,
Belgium, maintains and updates an Emergency Events Database, known as EM-DAT. This
database holds statistics on more than 18,000 global disasters and their human impact from the
year 1900 on. Because of its caliber of detailed, updated information and its objective to
support humanitarian action, we chose to adopt EM-DAT's definition for a disaster. A
disaster is a "situation or event, which overwhelms local capacity, necessitating a request to [a]
national or international level for external assistance" (EM-DAT, 2013). For a disaster to be
documented in EM-DAT, it must contain at least one of the following criteria (2013):
-10 or more people killed
-100 or more people affected
-Declaration of a state of emergency
-Call for international assistance
In its 2011 Annual Disaster Statistical Review, CRED aggregated the annual number
of reported disasters and victims, shown in the figure below.
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Fiuure 1: Trends an( Occurrences of Disasters (Guha-Sapir, Vos, Below. & Ponserre, 2011)
While a unique disaster's exact date and impact cannot be predicted, the historic data shows
that some trends in disaster occurrence may exist. The information in the database can be
organized so that disaster sites are grouped into one of 23 geographical regions. It is more
precise to forecast the number of annual disasters by region than by country. This aggregated,
regional view also provides a more accurate estimate of the number of people affected by
future disasters per region. Our research adopted EM-DAT's 23 regions in our analysis of
disaster trends.
Section ii: Disaster Response and Humanitarian Aid
Every year, billions of dollars' worth of relief items are deployed to people affected by
natural disasters and conflicts (Fritz Institute, n.d.). Humanitarian aid encompasses "all cargo
required in response to a major emergency or crisis" (Beresford & Pettit, 2012). According
to Beresford and Pettit (2012), such items include:
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emergency food rations, water and water purification facilities, sanitation equipment,
tents and shelters, equipment necessary to aid the construction and maintenance of
temporary shelters, medical supplies, clothing, blankets, and all other materials
required to support a population left without access to normal living facilities (2012).
Responsible humanitarian relief organizations should coordinate all activities before,
during, and after a disaster occurs. The humanitarian relief effort conducted during the three
months after the onset of a disaster is termed the "emergency" phase of humanitarian response
(Everywhere, Jahre, & Navangul, 2011). Measuring the response capacity of the UNHRD
network during this period is the focus of our research. We assume that local stakeholders
address the time period before a disaster, and other humanitarian relief and governmental
organizations concentrate on the later phases of disaster response. Figure 2 depicts a timeline
of the phases of disaster response, below.
Max
xEmergency
Restoration
Activity Reconstruction
Rebuilding
Disaster
Onset
0 Time
Figure 2: Adapted Timeline of Disaster Response Phases (Beresford & Pettit, 2012)
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During the emergency period, relief organizations first conduct an initial rapid needs
assessment to determine the number of people affected and relief items needed immediately.
It is important to note that this round of emergency relief items is mobilized to disaster sites as
quickly as possible to cover the initial demand. The attention to fast delivery is evident in that
organizations will choose to charter aircraft to deliver initial relief items, despite their much
higher cost per pound-mile compared to the delivery costs of other slower modes of
transportation. Therefore, for the duration of the emergency phrase, we assume the UNHRDs
also concentrate on the quick deployment of relief supplies.
Section iii: Stockpiling and Preparedness
The level of preparedness influences the quality of emergency response. The Fritz
Institute emphasizes preparedness as the first step in the supply chain for humanitarian relief.
Assessment/ Resource Transportation Tracking & Stock/Asset Extended Point Performance
Appeals Mobilization ''*'eet Execution Tracing Management of Delivery Evaluation
Figure 3: The Humanitarian Relief Supply Chain (Fritz Institute, n.d.)
Response capacity increases with the UNHRDs' level of preparedness. One way to increase
preparedness and capacity is through inventory pre-positioning. To prepare for disasters,
strategically placed inventory in the depots "through the integration of facility location,
inventory management, and transportation decisions, while taking into account the key
factors affecting it, [improves] the response and efficiency of the relief network" (Richardson,
de Leeuw, and Vis, 2010). In the middle of suppliers and end users, the UN depots divide
the humanitarian response supply chain from a push system to a pull system. The push side,
which is less time sensitive, consists of donors and suppliers of humanitarian aid
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organizations who send relief items to be stored in the depots. An appeal for disaster relief
assistance signals the number of items requested, and stockpiling inventories closer to
disaster sites shortens the outbound lead times. Duran et al. conclude that pre-positioning
inventory will "reduce the procurement and transportation phase in response to disasters"
(Richardson, de Leeuw, and Vis, 2010). Thus, knowing where to pre-position items to
minimize delivery times is key in the humanitarian supply chain.
1.2 Structure of Paper
This section provided a background to the humanitarian response sector in the context of
preparedness capacity vis-a-vis pre-positioning emergency relief items. The next section
introduces prior research conducted in this field. Building on this research, the third section
outlines the methodology for our approach in collecting data and designing our stochastic LP
model. The fourth section presents our analysis of the decision variables in the LP model
and the conclusions reached. The fifth and final section summarizes how our research can
contribute to the UNHRDs' logistics operations and how other humanitarian organizations
can profit from the application of our analysis. It concludes with recommendations and
areas for further research and development.
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2. Literature Review
The notion of capacity underlies disaster response. According to Ira Haavisto from
the Hanken School of Economics, "disaster preparedness focused on developing the capacity
to respond quickly and appropriately to a disaster ... is the foundation of all relief activities"
(2012). Yet, there is a dearth of literature examining standardized or universal indicators
that humanitarian relief organizations use or should use to measure their response capacity.
Even the Humanitarian Response Review, an independent assessment by humanitarian
response experts commissioned by the UN, notes the "lack of a transparent mechanism" and
recommends to "organizations to reassess their declared response capacities" (2005).
In this section, we highlight existing frameworks regarding key performance
indicators in the humanitarian response sector; capacity measurements; and contributions by
LP modeling, fulfillment optimization, and stochastic programming. Our research aimed to
further this literature with the development of our stochastic LP model and index that
calculates humanitarian response capacity.
2.1 Choosing Key Performance Indicators (KPIs)
A humanitarian response organization must consider how the trade-off between
agility and leanness in its supply chain matches its strategy and goals. Organizations face
the dilemma of maintaining regional stockpiles of relief items to anticipate future demand
while also earmarking their donors' funds for more pressing applications. Donations to
cover overhead, like inventory holding costs, are not deemed as critical or transparent as
other expenses, such as the purchase of tents for people made homeless by an unanticipated
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earthquake. After all, donors typically want proof of their impact.
The choice of KPIs helps organize and focus an organization's strategy for
humanitarian response. Davidson (2006) recommends a framework of four performance
indicators for the International Federation of Red Cross and Red Crescent Societies (IFRC) to
measure its humanitarian logistics operations: donation-to-delivery time, appeal coverage,
financial efficiency, and assessment accuracy. Without access to financial and operational
reports, we do not attempt to assess the financial efficiencies of the UNHRDs' operations,
and we rely on EM-DAT's collection of past disasters to assume expected demand for relief
items.
Therefore, the scope of our research encompasses the first two indicators.
Donation-to-delivery time measures the time to deliver an item after a donor has pledged to
donate it (Davidson, 2006). For our research, we assume the donor is the UNHRD network
and delivery times for relief items increase if disasters occur farther from a depot. Likewise,
donation-to-delivery times will be shortened if a disaster occurs closer to a stocked depot.
Regarding appeal coverage, we believe that the UNHRD network aims to fulfill 100% of the
needs of the total population affected by large disasters. Thus, an appeal for a potential
disaster would be equal to the total number of people affected by it. We would then
measure coverage in terms of how well-stocked the UNHRD network is to meet the demand
of those affected, a concept we coined as the network's capita inventory (CI). CI, which we
discuss in more detail in the Methods section, is directly related to response capacity.
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2.2 Measuring Capacity
Knight defines capacity as the "ability and quality of organizations to respond to a
disaster event with goods" (2012). In her research, Knight ran simulations to record the
humanitarian response capacity of the UNHRDs to satisfy the needs of people affected by a
specific disaster. She selected ten key emergency relief items stored in the UNHRDs and
three specific, single disaster scenarios, and she determined current inventory levels, air and
ocean lead times, supply replenishment times, and the expected demand for each item at each
disaster. Her research measured the inventory levels, aggregated at a UNHRD network
level, after the onset of the disaster. The simulation monitored daily total inventory from
the day the disaster hit to the modeled deployment and replenishment of items to their
order-up-to levels. The simulation also recorded demand satisfied day-by-day, denoted by
the percentage of people affected that were allocated a particular emergency relief item. In
this way, "ability" was measured in terms of inventory on hand meeting simulated demand,
and "quality" was assessed by the speed of demand fulfillment.
In concurrence with Knight's simulation, we measure capacity in an index that
considers both the percentage of people that could be served by UNHRD stockpiles and the
time to deliver certain emergency relief items. To further the robustness of Knight's model,
our research includes a probability analysis that examines hundreds of potential disaster
scenarios, multiple initial inventory allocations, and the value of holding additional inventory
in certain depots over others. To do so, we applied stochastic linear programming to assess
UNHRD capacity.
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2.3 Modeling Capacity
The amount of literature covering capacity from a mathematical perspective is limited.
Beamon and Kotleba find that "mathematical [modeling] of inventory management in
emergency relief efforts has received little attention" (2006). Yet, LP models allow for the
use of optimization to assess humanitarian response capacity. LP requires the following four
components (IBM, 2013):
-Decision variables
-An objective function
-Constraints
-Data
Decision variables are resources the model optimizes on. In our paper, they are represented
by the UNHRDs' inventory allocations. The objective function indicates how decision
variables affect the minimization or maximization equation. In the case of our paper, the
objective is to minimize the total expected time to deliver stockpiled relief items to a potential
disaster site. Constraints represent the limited resources that the decision variables depend on;
they could be represented by initial inventory levels. The final piece, data, is needed to
quantify the relationships between the objective function and constraints. EM-DAT and the
UNHRD websites provide an abundance of information necessary to run the LP model and
apply a stochastic formulation.
With an LP model, our research assumes the objective function and constraints are
linearly-related. Although directly proportionate relationships may be relevant in some
industries, such a measure may not be the most realistic in calculating the fulfillment of
demand in a life-saving setting, like humanitarian response. Professor Jose Holguin-Veras,
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a director in sustainable freight systems, mentioned in a lecture at MIT on November 2, 2012
that human suffering is not linearly proportionate to the amount of time spent waiting for an
emergency relief item, such as a ready-to-eat food bar. As an example, he noted that a
person may live a few days without food, but to survive, his need for food would increase
exponentially-not linearly-as the days progressed, up until death or nourishment ends that
need.
Despite this complex reality, Srivastava, Shenoy, and Sharma (1989) describe multiple
advantages of using LP models, including such models' efficient distribution of decision
variables given scarce resources; improved, objective decision-making; and usage of
sensitivity analysis and shadow prices (1989). With limited funding and finite warehouse
capacity, the depots cannot stock a bottomless number of emergency relief items, and it's
necessary for the UNHRDs to serve all people affected by disasters without personal prejudices.
For the scope of our research, a LP model should give adequate insight to measure UNHRD
capacity and determine optimally pre-positioned UNHRD stockpiles.
We found two papers that applied mathematical modeling to the humanitarian response
sector. In one, Akkihal (2006) addresses the issue of selecting ideal locations to pre-position
non-consumable humanitarian relief supplies. He runs his optimization by minimizing the
distance between potential warehouse locations and people made homeless by large disasters
(2006). Our research also uses EM-DAT to extrapolate our demand data for emergency
relief items. However, our research does not limit expected demand to cover solely
homeless people, or those needing shelter. Some disasters, like droughts for example, may
necessitate humanitarian assistance even though people affected by the disaster still have
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shelters. Therefore, we chose to use information regarding the total affected populations
(TAP), or those people made "injured, homeless, or affected" (EM-DAT, 2013) by disasters
to construe our feasible disaster scenarios.
Similarly, Kendal, Abidi, and Klumpp (2011) develop a model to determine the ideal
location for a single depot stocked with humanitarian relief supplies. They use 11 large
disasters in EM-DAT as their input data and compare their model's transportation
performance against that of the UNHRDs and IFRC in responding to the disasters (2011).
They assume the depot closest to the disaster site would deliver inventory first: our model
agrees with and adopts this statement. While operating only one depot requires longer
transportation times to fulfill the total demand of people affected, the authors suggest that
total costs with one depot would be lower than those for the UNHRDs and IFRC due to less
fixed costs and coordination expenses. Regardless, our research focuses on the five
established UNHRD locations. Rather than assess where depots should optimally be located,
our emphasis is on where inventory should optimally be placed within the five depots.
2.4 Optimizing Fulfillment
In the commercial sector, LP models are used extensively to execute fulfillment
operations. Acimovic's (2012) research, for example, analyzes a large online retailer's
outbound distribution costs and replenishment policy. Acimovic applies optimization
modeling to propose solutions to minimize the retailer's total expenses concerning customer
order fulfillment and warehouse replenishment. By considering both a customer's current
order for an item and potential future orders for the same item, his dynamic programming, or
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"perfect hindsight" framework, aims to minimize the immediate expense plus expected future
costs (Acimovic, 2012). The concept of perfect hindsight is also highlighted in our
stochastic LP model: it knows each disaster scenario and its probability of occurring before
optimizing on the variables.
In order to run his LP heuristics, Acimovic made the assumption that, in cases where
supply cannot meet demand, a dummy warehouse holds an extremely large amount of
inventory-albeit at a much higher cost-for the retailer to meet its demand. The dummy
warehouse serves as the last recourse; our LP model also includes a dummy depot to account
for occasions where demand exceeds supply.
UNHRD and EM-DAT provide enough data on emergency relief supplies and people
affected by past disasters. Having this wealth of data allows for the application of probability
distributions. With a stochastic element, a model may apply the probability that certain
disasters in a large number of finite disaster scenarios may occur (Shapiro & Ruszczynski,
2009). As disasters have an element of uncertainty in terms of when they happen, where they
are, and what their impact is, stochastic modeling addresses the uncertainty by estimating the
likelihood of a future disaster based on the large collection of past disaster information. Doing
so to minimize expected delivery times would result in a deterministic optimization model
(Shapiro & Ruszczynski, 2009). Based on the types of optimization models presented, we
detail in the following Methods section how we tailored our model to the issue of measuring
humanitarian response capacity.
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3. Methods
Our research aims to develop an index that measures the UNHRDs' response capacity
to serve the people affected by large disasters. In order to define this index, we constructed an
LP model with the objective of minimizing the average delivery time to send pre-positioned
relief items from five UNHRDs to a potential disaster site. We formulated and solved a
stochastic linear program, coded in Python and on a Gurobi platform, by Pennsylvania State
University Assistant Professor Jason Acimovic, to calculate part of the index. This stochastic
model minimizes the expected sum of delivery times to serve the people affected by a
disaster. The initial allocation of inventory can be fixed or set as a decision variable. We
used the outputs from running the stochastic model to evaluate how well-prepared current
UNHRD stockpiles were to serve disasters of various magnitudes and how fast the depots
delivered these stocks to disasters.
In this chapter, we first explain our methodology for the data collection of EM-DAT
disaster records and UNHRD stock reports, as well as delineate other supply and demand
assumptions. Then, we walk through the LP model's formulation. After, we explain
Acimovic's stochastic programming model and the many simulations we developed to run in
it.
3.1 Input Data
This section explains how we normalized the key inputs run for our LP model. With
more extensive input data, logisticians can easily adjust these inputs to run future optimizations
for more specific results.
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Section i: Demand Inputs
It is impossible to forecast when and where each disaster will occur, as well as the
magnitude of its influence. Yet, the UNHRDs must pre-position inventory in preparation
for disasters. For our model, we assume that what happened in the past is equally likely to
occur in the future. Therefore, we utilized past disasters as possible scenarios for future
disasters: we based potential future demand for emergency relief items from the recorded
disaster events in EM-DAT. The website keeps records of the following defined statistics
(2013):
-Injured: People suffering from physical injuries, trauma, or an illness requiring
medical treatment as a direct result of a disaster
-Homeless: People needing immediate assistance for shelter
-Affected: People requiring immediate assistance during a period of emergency; it
can also include displaced or evacuated people
We used the sum of injured, homeless, and affected people from each reported
disaster as the total affected population (TAP) statistic. TAPs became the proxy for the
demand for relief items. TAPs account for all types of victims who may require basic
emergency relief items upon the onset of a disaster. We chose to define our demand dataset
conservatively by using the more inclusive TAP statistics. In a humanitarian context, one
could argue that the cost of underage, either in the form of lives lost or negative media
publicity, greatly exceeds the overage cost of stocking extra relief items.
To determine which disasters' to include in the demand dataset, we selected a time
period of five years because we wanted to collect recent statistics. We examined
EM-DAT's 2,951 registered disaster records between 2008 and 2012, and we avoided
including disasters that occurred too far in the past because recent exogenous variations may
23
have affected TAP statistics. Such variations include climate change, advances in
communication and technology, and stronger pre-disaster preparedness efforts. Therefore,
we assume that recent disasters are a better predictor of future disasters. We eliminated the
755 disaster entries with missing TAP records and 315 records with missing disaster start
dates. Figure 4 shows the magnitude of the TAPs of the remaining 1,881 disasters.
0 200 400 600 800 1,000 1,200 1,400 1,600 1,800 2,000
Number of Disasters
Figure 4: Distribution of 1,881 Disasters from 2008-2012 bv TAP
We further eliminated 68 disaster records for epidemics and 90 for industrial accidents.
These two types of disasters require specific medicines, vaccines, and handling supplies for
hazardous materials, instead of the more typical emergency relief items deployed to disasters.
Then, we identified the extreme outliers, highlighted in red in Figure 4 above. The outliers,
representing the top 1% of disasters, increased the average TAP per disaster almost four
times from 110,301 to 405,265 people. We removed the outliers from the potential demand
scenarios, resulting in a dataset of 1,706 disasters with the median TAP per disaster as 750
people. As the objective of the UNHRDs is to send emergency relief supplies to people
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affected by large disasters, we defined a "large disaster" as one with a TAP greater than 750.
Figure 5, below, shows the expected frequency by TAP of the final 852 disasters: these
disasters represent the potential disasters and TAPs that the UNHRDs may serve in our
model.
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Total Affected Population per Disaster
Figure 5: Expected Frequency by TAP of the 852 Disasters
To finalize the disaster input dataset, we made two final assumptions. First, we
assume that each beneficiary within a disaster's TAP would require an equal amount of
emergency relief items during the emergency phase of disaster response. In reality, those
affected by disasters have varying degrees of needs, both in terms of quantity and resource
type. Our model simplified such demand. Second, we assume that each disaster has a
chance of occurring next. This means that each of the 852 disasters inputted in the model
had an equal weight of importance, regardless of whether the TAP size was 754 people or
over 5 million. Appendix A lists the final 852 disaster inputs.
25
Section ii: Supply Inputs
The UNHRDs operate regionally and hold inventory on the behalf of different
humanitarian organizations. To streamline disaster relief efforts, we presuppose that a
network system would make the UNHRDs' capable of executing disaster response activities
faster. Therefore, in the model, we assume that the UNHRDs coordinate deployment
operations as a united, collaborative system. The UNHRDs together would decide
inventory replenishment and distribution policies.
The UNHRD website updates a stock report of the inventory records for over one
thousand SKUs stocked in the five depots. We sourced our supply dataset from the online
report collected on February 12, 2013. From IFRC appeals, we analyzed which items were
targeted to beneficiaries during the emergency stage of response to disasters, where they were
pre-positioned, and what levels of inventory were stocked. We chose to run optimizations
on items that were 1) pre-positioned across at least three depots and 2) customary requests to
fulfill basic needs in emergency appeals. Based on the two criteria, we chose to analyze the
inventory levels of the following stockpiled items: blankets, buckets, jerry cans, kitchen sets,
latrine plates, mosquito nets, and soap bars. To simplify each category, we combined
similar items. For example, the contents and weight of a "kitchen set" were similar to those
of a "cooking set;" hence, all items were accounted for under the term "kitchen set." Table
1 lists the inventories of the seven selected items.
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TFable 1: Initial Supply of Seven Pre-Positioned Items
Item Blanket Bucket Jerry Kitchen Latrine Mosquito Soap Bar
Depot Can Set Plate Net
Accra 39,130 16,560 500 5,167 800 6,100 240
Brindisi 18,558 - 43,450 7,779 3,650 2,000 5,000
Dubai 45,383 20,754 70,999 3,586 838 60,197 15,000
Panama 37,333 2,000 30,441 4,466 352 23,148 5,000
Subang 24,220 - 11,165 4,008 300 16,500 -
Total UNHRD
Inventory 164,624 39,314 156,555 25,006 5,940 107,945 25,240
Persons Served/Unit 2.5 5.0 2.5 5.0 50.0 2.5 1.0
Total Capita 411,560 196,570 391,388 125,030 297,000 269,863 25,240
Inventory
With 164,624 units, blankets had the highest level of inventory within the UNHRDs for these
selected items. Latrine plates, on the other hand, had the lowest UNHRD inventory at 5,940
units. Each single item in stock, however, may serve a different number of people. One
soap bar and one latrine plate, for example, can respectively assist either an individual or a
small community.
Humanitarian aid organizations may be more concerned with how many beneficiaries
can be served with their stockpiles than the actual inventory quantities. For instance, a
latrine plate can serve 50 beneficiaries; 5,940 latrine plates, 297,000 beneficiaries. We
converted each unit of inventory in the UNHRDs into how many beneficiaries the item can
serve. We defined the total number of potential beneficiaries a given level of inventory may
serve as capita inventory (CI). Defined in units of CI, blankets still have the largest
stockpile with 411,560 units. Latrine plates, with 297,000 units of CI, are no longer the
least stockpiled item. The last row in Table 1 above summarizes the CI of the seven items.
We refer to these CI levels as the status quo levels of initial supplies.
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If CI levels could not meet expected demand, a dummy depot-stocked with enough
Cl-served the remaining demand after the UNHRDs stocked out. We assume there would
be no supply replenishment between the appeal for emergency relief items and the
deployment of those items to disaster sites. More than 100 of the 852 disasters in the
demand dataset have a TAP greater than the highest CI level of the seven selected relief items;
given the status quo inventory levels, the UNHRDs would not be able to meet the expected
demand 100% of the time. As other organizations also deploy emergency relief supplies, a
less than 100% response capacity may be sufficient. The dummy depot can be viewed as
the UNHRDs' supplier who delivered directly to disaster sites as a last resort for the
UNHRDs. As a result, the delivery time from the dummy depot to any disaster sub-region
would be longer than any lead time between the five depots and any disaster site.
Section iii: Delivery Costs
During the emergency phase of disaster response, humanitarian organizations
prioritize fast delivery of relief items. When a large disaster necessitates international aid,
the organizations aim to deploy supplies in chartered flights to cover initial demand very
quickly. We assume that the central planner, the UNHRD network, is willing to pay for the
chartered flights. Our model focuses on minimizing expected delivery time, assuming that
air freight is the sole type of transportation.
The total delivery time from depots to disasters involves the completion of paperwork,
such as pro-forma invoices; dispatch and transportation of cargo; clearance of customs;
unpacking and sorting; and last-mile distribution to beneficiaries. Regardless of the
end-to-end time to deliver items to a particular disaster from any depot, the UNHRDs must
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follow the steps above. We assume the chartered flight air time is the key time differential
in all delivery times and is linearly related to the as-the-crow-flies geographical distances
between the depots and disasters. We approximated delivery times under this assumption.
In EM-DAT, each disaster record is categorized into one of 23 geographic
sub-regions. We slightly simplified delivery times by assigning equal times to all disasters
in the same sub-region; therefore, we grouped each of the 852 disaster inputs into one of the
23 regions. We used Google Maps to determine the center of each sub-region. For
example, the website positioned Northern Europe in Tofsingdalen National Park, Sweden
(Google Maps, 2013). We then calculated the distance of each depot to sub-region arc,
using an application by Daft Logic, a website that measures distances on Google Maps. 115
geographical distances were determined (see Appendix B). Our method assumes that each
direct arc is representative of the direct path a chartered flight would travel.
To convert the delivery distances into delivery times, we rounded the 115 distances to
the nearest hundred miles. Given an approximate average airplane speed of 500 miles per
hour, we divided each distance by 500 miles. For example, an arc from Accra, Ghana to
Western Africa is 529 miles, rounded to 500 miles, and equivalent to one hour. Similarly,
we calculated the distance of the longest arc, Subang, Malaysia to Central America: 11,000
miles converted into a 22 hour flight. The time to travel between each depot and sub-region
represented our model's dataset for delivery times, summarized in Table 2 below.
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Table 2: Delivery Times (in Hours) from Depots to Sub-Regions
Depot Accra Brindisi Dubai Panama Subang Dummy
Sub-Region
Australia and New Zealand 19.0 18.0 13.2 19.2 6.6 100.0
Caribbean 10.4 11.0 16.0 1.8 21.4 100.0
Central America 8.0 11.4 14.8 1.4 22.0 100.0
Central Asia 10.2 4.6 3.2 16.0 7.0 100.0
Eastern Africa 5.2 6.0 4.0 15.6 8.8 100.0
Eastern Asia 14.2 9.0 6.2 18.2 5.0 100.0
Eastern Europe 8.4 3.2 5.0 13.0 11.2 100.0
Melanesia 20.6 16.8 12.8 18.2 6.0 100.0
Micronesia 21.4 16.4 13.2 16.6 8.6 100.0
Middle Africa 4.4 5.6 5.8 14.0 11.2 100.0
Northern Africa 4.2 2.0 3.6 14.4 10.4 100.0
Northern America 12.8 10.2 13.6 6.6 16.2 100.0
Northern Europe 8.2 3.2 6.4 11.8 12.0 100.0
Polynesia 20.4 21.2 21.4 9.4 14.0 100.0
Russia 13.0 7.0 7.0 15.4 8.0 100.0
Southern America 11.0 13.2 17.8 5.0 19.8 100.0
South Eastern Asia 16.6 12.6 8.8 20.8 3.2 100.0
Southern Africa 5.6 10.0 8.8 14.6 11.2 100.0
Southern Asia 10.4 7.2 2.6 19.4 4.6 100.0
Southern Europe 4.8 2.2 6.8 10.4 12.6 100.0
Western Africa 1.0 5.0 7.8 10.0 14.4 100.0
Western Asia 12.2 8.8 5.6 19.6 4.4 100.0
Western Europe 5.6 1.8 6.6 11.0 13.0 100.0
Last, we assigned a delivery time of 100 hours between the dummy depot and any
sub-region. Doing so forced the model to use the dummy depot as the last warehouse option
in delivering emergency relief supplies to disasters. In calculating humanitarian response
capacity, we ignored any supplies shipped from the dummy depot; after all, those supplies
didn't really exist in the UNHRD network.
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Section iv: The Basic LP Model
We inputted the defined demand, supply, and delivery time datasets to build the first
iteration of our LP model in Excel Solver. Applying Acimovic's (2013) denominations for
variables, they are as follows:
d - Demand in regionj in time period t
Zti - Capita inventory at the beginning of time t in depot i
cy - Hours required to deliver an item from depot i to regionj
xt; - Capita inventory deployed at the beginning of time t from depot i to regionj
We set the objective function to minimize the total time to deliver the CI necessary to meet
each disaster's demand. The formula is below:
min x cij)
Formula 1: Basic LP11 Model Objective Function
The objective function was subject to the following constraints:
I xi Zi
t
xi; > d;
Ztj = j'
Zti Z(t-1)i ~ xti
For each time period, the total number of items deployed by each depot could not exceed the
depot's inventory on hand. Also for each time period, the number of items requested at each
disaster must be satisfied. A depot's current inventory was equal to the starting inventory
one time period before minus the inventory sent to a disaster one time period before.
Variables were non-negative.
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To test the model, we assigned demand for a disaster, based on sample TAPs, and ran
it with various allocations for initial capita inventory. We attempted to model the UNHRDs'
ability to respond to three consecutive disasters and with 23 regions forj. However, this
basic model and its over 400 variables were too complex for Excel Solver to optimize on.
Therefore, to manage our large datasets, we adopted Acimovic's stochastic model using
Gurobi as the the LP solver.
3.2 The Stochastic Model
Similar to the basic model described above, Acimovic's model minimized the
"average time it takes to ship items from depots to beneficiaries" (2013). However, his
model included a stochastic element. It allowed for inputting K scenarios, each scenario
represented by a unique disaster record and TAP. Each scenario had a probability, p k of
occurring. Therefore, the objective function is defined as follows:
min p (x;cj
k i,j
Formula 2: Stochastic Objective Function
Subject to:
xii s; zi
x11  t dj
The objective function was also subject to the following constraints: the total amount of CI
sent from each depot must be less than or equal to the depot's starting inventory, the total
amount of capita inventory sent from all depots to a disaster must be at least equal to each
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disaster's TAP, and variables were non-negative. With this objective, the model first
calculated the number of units of CI sent from a depot to a disaster sub-region for a given
disaster. This amount of CI was multiplied by its delivery time, for all units demanded by
each disaster, to realize a total delivery time per a disaster. Each total delivery time for a
disaster scenario was multiplied by its respective probability of occurring. These weighted
sums were added together, and the stochastic model aimed to minimize the total weighted
delivery time.
Our research benefitted from applying the stochastic model's framework for two
reasons. One, we could incorporate our entire demand dataset and run the optimization
model. For our research, we assigned an equal probability of occurrence to each of the 852
disaster data inputs. Two, given an initial level of CI, the model could recommend where to
pre-position initial supplies throughout the UNHRD network. The recommendation is
useful in order to determine the impact on the potentially suboptimal delivery time given a
current inventory position. To determine the optimal pre-positioned allocation of supplies,
we solved Formula 2 with the following two changes. First, zi's became decision variables.
Second, the following constraint was added: Z is equal to the total amount of initial capita
inventory throughout the five depots, so that:
zi = Z
The other constraints from Formula 2 still applied to the revised objective function, Formula
3, found below.
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min p> x;x cj)
k i,j
Formula 3: Optimal Allocation Stochastic Objective Function
If we assign V(OPT, Z) as the objective value in Formula 3 and V(z) as the objective value
in Formula 2, we determined the imbalance of a given inventory position as the Balance
Index, defined below.
V(z)
V(OPT, Z)
Formula 4: Balance Index
In order to analyze such outputs, we first needed to determine what scenarios to run in
the model.
3.3 Development of Simulation Scenarios
To create the response capacity index, we needed to understand how changes in CI
affected UNHRD response capacity to disasters. Therefore, we kept the inputs for demand
and delivery costs constant, changing only the input for initial supplies. We ran the
stochastic model with initial CI ranging from 0 units to 20 million units, and we allowed the
model to recommend optimal allocations for initial inventory among the five UNHRDs.
While it's intuitive that increasing CI should serve more beneficiaries and yield shorter
response times, instinct does not suggest where to ideally stockpile CI and what levels of CI
correspond to what service levels.
After understanding if and how the stochastic LP model worked, we wanted to apply
the index to status quo UNHRD stockpiles. Therefore, we measured the humanitarian
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response capacity of each of the seven selected items in their status quo distributions
throughout the five depots. We also measured the response capacity of the items as if they
were optimally pre-positioned, as determined by Acimovic's model. We compared each
item's Balance Index, or its status quo capacity with its optimal capacity, to assess the
misallocation-or potential for improvement in inventory management-of each item
throughout the UNHRD network. By inputting various scenarios into the stochastic model,
we observed how the UNHRDs' response capacity changed. In the next section, we analyze
the results in more detail.
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4. Data Analysis
Running the stochastic optimization model under numerous initial situations
generated valuable insight. The output recommended where to place initial inventory and
recorded which depots sent inventory to each disaster scenario. With these outcomes, we
could calculate the percentage of TAPs served and the average time to deliver inventory for
the given disaster scenarios. In all cases, the disaster scenarios were kept constant, meaning
that each run in the model faced the same demand dataset of 852 equally-likely-to-occur
disasters. Instead of varying demand for emergency relief items, we adjusted the level of
supply. We ran optimizations by varying the amounts of initial supplies, also known as
capita inventory (CI), inputted into the model. By doing so, we could analyze how changes
in CI affected inventory allocations and response capacity.
In the first part of our data analysis, we forced the model to allocate initial supplies
throughout the five UNHRDs in ideal quantities that would minimize overall expected
delivery times. As we increased the initial supply of CI, we examined how and why the
UNHRDs distributed the units within the five depots. In the second section, we assessed the
current inventory positions of the seven selected types of items stocked within the UNHRD
network. We wanted to quantify how well pre-positioned these items were; therefore, we
applied our two-part index to calculate their inventories' response capacity. Given the
actual inventory levels, we measured the percentage of potential beneficiaries the relief
supplies could serve and the expected time for delivery.
36
4.1 Analysis on Optimization Results and Increasing Capita Inventory
Using the LP model if Formula 3 to distribute the optimal mix of initial supplies
throughout the UNHRD network, we set CI levels from one unit to over 20.5 million units in
different runs. Given a certain starting inventory size, we wanted to discover where the
items were distributed throughout the depots. Despite changing CI, we had expected that
the optimal allocations between the depots would remain proportional; however, our results
were unexpected. The proportion of units held in each depot changed based on initial
inventory levels. Table 3 highlights the allocations based on three samples of initial CI.
Table 3: Samples of Optimal Pre-Positioned Allocations by Percentage of Initial C
CI Invo=2,000 Invo=20,000 Invo=200,000
Depot Units units units
Accra 0% 0% 1%
Brindisi 0% 11% 7%
Dubai 100% 74% 38%
Panama 0% 0% 2%
Subang 0% 15% 52%
The different pre-positioned mixes of inventory throughout the depots were directly
affected by how much initial supplies a humanitarian relief organization, like the UNHRDs,
had in stock. In turn, given a certain level of starting CI, we found that the UNHRDs can
create an optimal allocation strategy for the distribution of relief items throughout the five
depots. A less than optimal allocation would result in longer delivery times, represented by
the placement of inventory in depots farther away from the expected disaster locations. For
a visual representation of an optimal allocation strategy, Figures 6, as follows, illustrates how
CI is allocated as a proportion of total CI throughout the depot network. Figure 7 then
shows each depot's share of CI as if it were optimally pre-positioned.
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Figure 6: Optimal Proportional Distribution throughout the Five Depots Based on CI
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The graphs raised the following three questions:
1. Why was capita inventory first placed in Dubai?
2. When did the model decide to stock inventory in an additional depot?
3. As capita inventory increased, when did the model level off the number of items placed
in certain depots?
In the consecutive sections, we address these issues.
Section i: Weighted Delivery Times to Determine Initial Inventory
The model allocated the first 8,600 units of CI to the depot in Dubai. In order to serve
8,600 people (or fewer) most efficiently, the UNHRDs should pre-position all initial supplies in
Dubai. Examining delivery times clarified why Dubai was the first depot selected to carry an
emergency response item. That is, why the model placed the first unit of CI in Dubai.
With no CI in the UNHRD network, the model would be forced to rely on the dummy
depot. For each disaster scenario, the time to deploy relief items would be reduced if one unit
was pre-positioned in any of the depots. Stocking one unit in a depot would yield delivery time
savings equal to the difference between the delivery time to use the dummy depot (100 hours)
and the time to deploy the item from a depot to the respective disaster scenario. If one unit of
CI was stocked in one of the depots, the UNHRDs' total time savings to deploy the item to the
852 disaster scenarios are summarized in Table 4 below.
Table 4: Delivery Time Savings by Stocking One Unit in a UNIHRD
Depot Dubai Brindisi Subang Accra Panama
Savings (Hours) 77,605.6 77,142.4 76,509.0 75,964.2 73,440.6
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Total delivery time to all the 852 scenarios could be reduced by over 73,440 hours just by
delivering one item from the UNHRD network. Dubai acquired the largest potential savings in
time: 77,605.6 hours. Therefore, the model allocated capita inventory to Dubai first. The
model's objective function forced the allocation of initial supplies to depots that minimized the
overall weighted delivery times. On average, stocking one unit of CI in Dubai would save
91.09 hours (=77,605.6/852) for the UNHRD network to respond to one disaster with one unit of
Cl.
Section ii: Marginal Benefit Analysis to Determine Depot Usage
We applied marginal benefit analysis to verify how increases in capita inventory in the
UNHRD system affected its pre-positioning. In other words, once the UNHRD network had a
certain level of initial supplies, we examined the potential delivery time savings earned by
placing an extra unit in one of the five depots. If a UNHRD deployed an additional unit of CI,
the item may serve one more beneficiary, meaning the dummy depot (with a 100 hour delivery
time) would not be relied upon. As a result, UNHRD response capacity would increase.
To help us understand why multiple depots were used and why the proportional
allocation of depots changed as a function of initial inventory levels, we first provide a simple
example. Let's assume one disaster will happen, and it has an equal chance of occurring in one
of three places. When the disaster strikes, the people there will need one unit of emergency
relief supplies. Two warehouses, A and B, may store such units to send to disaster sites.
However, only one unit is available to pre-position in a warehouse, and an organization must
decide which warehouse to store the item in before the disaster hits. The organization requests
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to minimize the delivery time from the warehouse to potential disaster site. Figure 8 below
illustrates this scenario and indicates the delivery times in hours, h, between the warehouses to
the three disaster sites, D.
2h 
1
2h
1h 1h
Figure 8: Scenario Example ofTwo Warehouses and Three Potential Disaster Sites
If warehouse B is used, the expected delivery time is 1.33 hours (=(1) + 1(1) + 1(2)).
3 3 3
Warehouse A incurs an expected 1.67 hour delivery time (= (2) + 1(2)+ 1 (1)). Therefore, the3 3 3
organization should place the unit of emergency supplies in warehouse B. If the organization
had two units of emergency supplies and expected one future disaster, where would the
organization stock the second unit? With one unit already in warehouse B, an additional unit in
B would not shorten the expected delivery time to a disaster. However, with one unit in
warehouse A, the expected delivery time by using two warehouses is 1 hour ( (1)+ 1(1) +
1
-(1)). Stocking one unit in both warehouse A and B yields a 0.33 hour savings in response time.
Warehouse A may take longer to send the unit to two of the three disaster sites; however, the
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organization knows that warehouse B is available to deploy more quickly its one unit to those
two sites.
Returning to our UNHRD analysis, to justify when the model recommended using a
second depot, we first determined the additional savings in delivery times if an 8,6 0 0th unit of CI
was added to one of the five depots. We compared the savings between each of the five
potential placements of the unit. The optimal depot to place the unit in was the one that
incurred the largest additional savings in delivery time. Then, we ran the same analysis with an
8,601s' unit.
The model already allocated 8,599 units of CI to Dubai. An extra relief item would
serve the 8,600th person only in disasters with a TAP larger than 8,599 people. A total of 549
disasters fell into this category. For these larger disasters, the 8,600th unit would incur a
delivery cost in each of these disaster scenarios, regardless of the depot the unit was stocked in
because it would be deployed to the disaster. The extra 8,60 0th unit would now be deployed
from a UNHRD rather than the dummy depot for these 549 larger disasters. As a result, the
time savings in stocking an additional unit would be equal to the difference between 100 hours
from the dummy depot and the time each depot required to send the unit to each disaster's
sub-region. The row in Table 5, entitled Larger Disasters, adds up the time saved for each
depot to deploy the 8,600th unit to the 549 larger disasters. Because the dummy depot would
equally serve all remaining demand above 8,600 units of CI irrespective of where the 8 ,60 0th unit
was pre-positioned, we did not include its delivery times in our calculations. Therefore, the
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time saved from these larger disasters, if one unit is placed in a depot, is shown in Formula 5
below.
(100 - cg;)
j:dj>8,599
Formula 5: Delivery Time Savings for Larger Disasters for the 8,600"' Unit
Disasters with a TAP less than or equal to 8,599 people would value the 8,600th unit of
capita inventory differently. Response times to such smaller disasters would improve by
stocking an additional item only in the scenarios where the item was stocked in a depot closer
than Dubai to the disaster site. Moreover, stocking an extra unit in any depot would not add to
the overall total number of beneficiaries potentially served because the existing 8,599 units of CI
would be sufficient to serve these TAPs. In Table 5, the row entitled Smaller Disasters adds the
potential savings in delivery times of the depots to sub-regions for those disasters with a TAP
under 8,599 people. For these 303 smaller disaster scenarios, if Dubai were the closest depot to
the disaster site, none of the remaining depots acquired any delivery time savings by stocking an
extra unit of CI. If one of the other four depots were located closer to a certain disaster site,
then the depot acquired a time savings equal to the difference between its delivery time and
Dubai's delivery time. Explicitly, i' is the depot in question that deployed its inventory to
disaster j, before the 8,6 00 ,h unit of CI was added to the UNHRD system.
I (cgj - min(cgy, cgrj))
j:d1 s8,599
Formula 6: Delivery Time Savings for Smaller Disasters for the 8,600"' Unit
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Because each disaster in this stochastic model had an equal probability of occurring, we
totaled the delivery time savings for each individual depot, as shown in Table 5.
Table 5: Delivery Time Savings by Stocking the 8,600th Unit in a UNHJRD
Depot Dubai Brindisi Subang Accra Panama
TAP (Invo=8,599 units) (Invo=O units) (Invo=0 units) (Invo=0 units) (Invo=0 units)
Larger Disasters 50,146.2 49,634.6 49,615.8 48,803.2 47,018.0
(>8,599)
Smaller Disasters
Smaller 0 510.8 417.2 607.8 1,086.6
(58,599)
Total Delivery 50,146.2
Time Savings (the largest) 50,145.40 50,033.0 49,411.0 48,104.6
(Hours)
Dubai's depot would incur the largest total savings in delivery time; hence, the model allocated
the 8 ,6 0 0th unit of inventory to Dubai. Also, Dubai had the largest potential savings in
responding to larger disasters, which made up for the zero additional savings in responding to
smaller disasters. Our analysis did not depend on the dummy depot's delivery time to disasters;
regardless, the differences in the total savings among the depots would be the same.
We ran the same marginal benefit analysis by adding the 8,6 01st unit of CI to the
UNHRD network. For each larger disaster, meaning that the TAP was greater than 8,600
people, each depot accumulated delivery time savings equal to the difference between the usage
of the dummy depot and UNHRD. For each smaller disaster, meaning that the TAP was less
than or equal to 8,600 people, a depot accrued delivery time savings only with disasters that
occurred closer to it than to Dubai. Table 6 below summarizes each UNHRD's marginal
savings in delivery time for stocking the 8 ,60 1st unit of CI.
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Table 6: Delivery Time Savings by Stocking the 8,601st Unit in a UNIIRD
Depot Brindisi Dubai Subang Accra Panama
TAP (Invo=0 units) (Invo=8,600 units) (Invo=0 units) (Invo=O units) (Invo=O units)
Larger Disasters
(ar 600 Dis49,541.8 50,048.8 49,520.4 48,713.6 46,937.4(>8,600)_
Smaller Disasters(m 8,600 510.8 0 417.2 607.8 1,086.6
(:58,600)______________ 
___
Total Delivery 50,052.6
Time Savings 50,048.8 49,937.6 49,321.4 48,024.0
(Hours) (the largest)(Hours)
In this case, the depot in Brindisi reduced overall delivery times more than any other
depot did in the UNHRD network. Therefore, with 8,601 units of CI, the model allocated the
one unit to Brindisi. Stocking this unit in Brindisi saved 3.8 hours overall verses
pre-positioning it in Dubai. With an extra pre-positioned unit, Dubai could serve larger
disasters 507 hours faster than Brindisi could. However, Brindisi could serve smaller disasters
510.8 hours faster than Dubai could. Brindisi's additional marginal benefit to respond to
smaller disasters made its total delivery time savings greater than that of Dubai.
As capita inventory in the UNHRD network increased, additional units were allocated to
either Brindisi's or Dubai's depot. When CI reached 10,348 units, the model distributed the
10,3 4 8th unit to the third depot: Subang. Marginal analysis from CI at 10,346 units to 10,347
units to 10,348 units explained the usage of a third depot. At 10,346 units of CI, the model
allocated 1,000 units to the depot in Brindisi; 9,346 units, Dubai. Table 7 shows the total
additional savings in delivery times if one more unit was added to one of the five depots.
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Table 7: Delivery Time Savings by Stocking the 10,347th Unit
Depot Dubai Subang Brindisi Accra Panama
TAP (Invo=9,346 units) (Invo=0 units) (Invo=1,000 units) (Invo=O units) (Invo=0 units)
Larger Disasters
(> 0,46 Dis46,664.2 46,190.6 46,191.8 45,403.0 43,755.4(>10,346)
Smaller
Disasters 54.0 525.6 507.2 648.6 1,159.0
(<10,346)
Total Delivery 46,718.2
Time 46,716.2 46,699.0 46,051.6 44,914.4
(Hours) (the largest) I
Similar to the analysis of CI at 8,601 units, all larger disasters-the TAP was greater than
10,346 people-incurred a delivery time saving for the additional item because the dummy depot
was not relied on. With smaller disasters-the TAP was less than or equal to 10,346
people-the 10 ,3 4 7th unit was deployed only if the depot with no initial inventory (invo=0 units)
was closer than Brindisi or Dubai to the disaster site. At this level of CI, Panama, Accra, and
Subang were the three depots with an initial inventory level of 0 units. By delivering an item
from one of these three depots, the depot incurred a delivery time saving equal to the difference
between its delivery time and the stocked depot's (Brindisi or Dubai) that would have deployed
the item to the specific disaster scenario instead.
If Brindisi or Dubai was closer to the smaller disaster site, additional time savings
depended on how the first 10,347 units were deployed. If the closest depot's initial CI was less
than the disaster scenario's TAP, then the depot would incur a time savings equal to the delivery
time difference between Brindisi and Dubai to the sub-region. For example, disaster scenario
#765 occurred in Southern Europe and had a TAP of 1,750 people. Brindisi, the closest depot
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to the disaster, deployed all of its 1,000 initial units of CI to meet the disaster's demand. The
inventory in Dubai satisfied the remaining demand. An additional unit in Brindisi would save
4.6 hours (=6.8-2.2), or the difference between Brindisi's and Dubai's depot's delivery times to
Southern Europe. On the other hand, if the closest depot's initial CI was greater than the
scenario's TAP, then the depot would incur no time savings with a 10, 347th unit in stock
because it already had enough pre-positioned supplies to serve the disaster scenario by itself.
To add the 10,3 4 7th unit of CI to the UNHRD network, the model chose to stock the unit
in the depot with the biggest savings in delivery times. Dubai, with a 46,718 hour reduction in
UNHRD delivery times, was the chosen depot. It saved 46,664.2 hours in serving larger
disasters. Its ability to serve larger disasters more quickly than the other depots compensated
for its disadvantage in serving the smaller disasters. Once CI reached 10,348 units, however,
Dubai's ability to save the most time to deploy the extra unit was exceeded by another depot's
performance.
We re-ran the same analysis, this time assuming a starting inventory level of 10,347 units
in the UNHRD network. Our evaluations for the total savings in delivery time for the 10 ,34 8th
item are summarized in Table 8, below.
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Table 8: Delivery Time Savings by Stocking the 10,348th Unit
Depot Subang Dubai Brindisi Accra Panama
TAP (Invo=0 units) (Invo=9,347 units) (Invo=1,000 units) (Invo=O units) (Invo=O units)
Larger Disasters
(> 0,47 Dis46,103.2 46,571.0 46,098.6 45,307.8 43,665.8(>10,347)
Smaller
Disasters 848.6 377.0 507.2 648.6 1,159.0
(<10,347)
Total Delivery 4,5.
Time elivery46,948.0 46,605.8 45,956.4 44,824.8
(Hours) (the largest) 4,4.(Hours)
Overall, Dubai saved the most time in responding to larger disasters; however, comparably, it
saved the least amount of time in serving smaller disasters. Its overall savings was 3.8 hours
less than Subang's. Hence, when CI equaled 10,348 units, the model allocated one item to
Subang.
Following the same marginal benefit methodology, when CI reached 90,753 units, the
model placed one unit in the 4 th depot, Panama. At a CI level of 96,020 units, the model placed
one unit in the 5th depot, Accra. Our analysis revealed that the level of emergency relief
supplies an organization has will affect how many warehouses the organization should optimally
operate. Nonetheless, we recognize other exogenous variables influence the number of
warehouses an organization operates. Our LP model's outputs may also assist humanitarian
relief organizations interested in reorganizing, expanding, or reducing their stockpile capacity.
Section iii: Disaster Analysis to Determine Full Depot Levels
From an intuitive perspective, as UNHRD capita inventory increases, the network's
ability to serve people affected by disasters would also increase. At a high enough level of CI,
the network would have enough items in stock to meet the expected needs of the TAPs without
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relying on the dummy depot. Even though the CI may fulfill 100% of people's expected needs,
items may be pre-positioned in depots farther away from a certain disaster site, leading to longer
than optimal delivery times. As CI increases to another threshold, the network would
pre-position items to reduce expected delivery times. However, at a certain point of CI,
expected delivery times would reach an absolute minimum. The addition of more CI after this
point would not provide additional value in terms of serving more people or shortening delivery
times. Our model's results validated the intuition.
At 5,400,755 units of capita inventory, the UNHRD network would be able to serve 100%
of all expected TAPs without the use of the dummy depot. Because the UNHRD system does
not actually have a dummy depot, 5.4 million units of CI is a significant number: it indicates how
much CI the UNHRDs should stockpile in order to serve 100% of the expected people affected
by the next disaster, when historical disaster data is utilized. This level of CI is equal to the
largest inputted TAP entry, representing a flood in Pakistan. Stockpiling CI at this 5.4 million
unit mark meant that the UNHRDs could expect to serve all demand for emergency relief items;
however, the expected delivery times weren't yet optimal.
Once CI reached 16,002,797 units, the UNHRDs could expect to achieve the quickest
delivery times. At this level of CI, the model found the absolute shortest delivery times were
possible when each depot contained enough CI to serve the largest disaster in its region. Table
9 below highlights that the expected delivery time of various levels of CI to a disaster does not
fall below 3.48 hours; the table also shows the corresponding expected percentage of people
served.
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T'able 9: Largest Regional TAP Corresponds with Expected Percent of People Served and Delivery Times
Largest Expected DeliveryTAP from Expected
Depot Regional CI TimeDisaster % of People Served
Disaster Input (Hours)
Brindisi Storm in France 500,079 500,079 45.77% 7.04
Accra Flood in Nigeria 1,500,200 1,500,200 73.64% 6.26
Earthquake in
Panama 3,700,000 3,700,000 96.14% 5.46
Haiti
Subang Tropical cyclone 4,901,763 4,901,763 99.63% 5.03
in the Philippines
Dubai Flood in Pakistan 5,400,755 5,400,755 100.0% 4.79
Total 16,002,797 16,002,797 100.0% 3.48
When CI equaled 500,079 units, the UNHIRDs could expect to serve 45.77% of people affected
by an upcoming disaster. The depots could deliver the emergency relief items in seven hours
on average. Increasing CI to 5.4 million units meant that the UNHRDs could achieve 100%
service coverage of potential beneficiaries and shorten delivery times by 2.25 hours on average.
Placing an additional 10.6 million units of capita inventory to initial supplies, equivalent to
tripling the stockpiles, would reduce delivery times by a further 1.31 hours. The shortest
possible expected delivery time to a disaster was 3.48 hours.
The UNHRD network would have to balance its stockpile capacity with its aim to quickly
to respond to disasters, while facing other limiting factors, like warehouse capacity and donor
funds. For example, the UNHRDs may decide that stocking 16 million units of CI is not worth
the expected 3.48 hour delivery time, and holding 5.4 million units of CI with an expected 4.79
hour delivery time is sufficient. At both inventory levels, the network could expect to meet 100%
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100% of TAP demand. Pre-positioning more than 16,002,797 CI units of initial supplies
yielded the same optimal service coverage and delivery times, regardless of which depot stored
the additional supplies. In this case, the model placed the spillover inventory in the warehouse
in Subang.
Section iv: The Optimal Index
Comprehending how the stochastic LP model responded to changes in capita inventory
helped to validate our humanitarian response capacity index. Given a certain amount of CI
optimally pre-positioned in the depots, the UNHRD network can estimate its fastest time to
deliver items to a disaster site and what percentage of people can be served. Based on our
model's finding, Figure 9 below recaps our analysis on optimal pre-positioning of capita
inventory.
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To calculate the expected delivery time for a given CI level, we divided the weighted total
number of people served by the UNHRDs by the weighted total delivery times, excluding the
usage of the dummy depot. We measured the percentage of expected people served by dividing
the weighted total number of people served by the weighted total number of people affected by
each disaster. Our analysis revealed that CI is subject to diminishing marginal returns: as CI
increases, its additional benefit-either in terms of reduced delivery time or increased percent of
people served-is marginally less.
4.2 Response Capacities on Select Items
In the second part of our analysis, we evaluated actual inventory inputs from several
items pre-positioned in the UNHRDs. We refer to these logged supply levels as the status quo
(SQ). As explained in the Methods section, we converted SQ inventory levels into their
respective capita inventory amounts, labeled as Capita Invo in Table 10 below. To determine
our index measures, listed as Expected People Served and Expected Delivery Time, we ran
optimizations on each SQ level of CI. We compared those results to the runs where the model
could redistribute initial inventory to determine the optimal (OPT) allocation of pre-positioned
supplies in the depots. In this case, the OPT runs represented the best possible initial
distribution of each item's stockpiles. For each emergency relief item, CI is constant in both
the SQ and OPT runs; therefore, the percent of people served under either scenario was also the
same. What differed between the SQ and OPT runs was the average delivery time. We
calculated the misallocation of actual inventory pre-positioning by dividing the difference
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between expected SQ and OPT delivery times by the OPT time (the misallocation percent is also
equal to the Balance Index minus one). Table 10 summarizes the results.
Table 10: Index on Seven Items Stored at the UNIIRIDs
Capita Expected People Served Expected Delivery 
Time
Item (Hours) Misallocation
mv0  (%)SQ OPT
Blankets 411,561 41.41% 8.85 7.20 23.0%
Buckets 196,570 27.39% 9.07 7.76 16.9%
Jerry Cans 391,389 40.31% 8.43 7.24 16.4%
Kitchen Sets 125,030 20.73% 9.16 8.00 14.5%
Latrine Plates 297,000 34.63% 9.07 7.46 21.7%
Mosquito 269,863 32.84% 8.28 7.53 10.1%
Nets
Soap Bars 25,240 6.99% 9.28 8.59 8.0%
Out of the seven items, pre-positioned blankets had the largest misallocation at 23.0%.
On the other hand, they had the highest level of starting capita inventory and thus could serve the
largest expected percentage of people affected by disasters. Redistributing inventory to
appropriate depots could yield a 1.65 hour reduction in the average delivery time of blankets to
disaster sites. If the longest delivery time, represented by the Subang to Central America arc,
incurred a cost of 22 hours, than 1.65 hours represents a 7.5% reduction in delivery time. As an
example, Figure 10 below illustrates the misallocation in initial supplies between the status quo
and optimal initial depot allocations for blankets.
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Figire 10: Proportional Allocations for Blankets
Under the status quo distribution, the depot in Subang carried 15% of total inventory.
Ideally, it should carry 63%, which is equivalent to almost 200,000 units of CI. This amount is
over three times the actual status quo quantity. The remaining depots, Accra, Brindisi, Dubai,
and Panama, held higher than optimal levels of inventory. The difference between the status
quo and optimal levels of CI in Dubai was very small: just 1% of total allocations. The depots
in Panama and Accra, however, each carried more than 80,000 CI units than they should. The
graph below highlights the misplacement between status quo and optimal inventory levels for
pre-positioned blankets.
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Figure 11: Allocations for Blankets by CI Units
Our analysis showed that spreading out inventory equally among depots may not be optimal. In
this example, items were more evenly allocated in the status quo; however, the allocation led to
higher than optimal delivery times. Optimally, the majority of blankets at this level of CI
should be pre-positioned in Subang.
While blankets represented both the largest misallocation of initial supplies and the
highest coverage of expected people served, soap bars represented both the smallest
misallocation and lowest coverage. The depots' inventory for soap bars would satisfy less than
7% of the expected TAPs. Because of the UNHRDs' limited starting inventory of soap,
optimizing the allocation of initial supplies would yield a 0.69 hour decrease in average delivery
times. Figures 12 and 13 illustrate the misallocation in initial supplies between the status quo
and optimal initial depot allocations for soap bars.
56
Accra
60% 1
Brindisi
* Status Quo
" Optimal
DubaiPanama
Figure 12: Proportional Allocations for Soap Bars
30,000 -
25,000 -
20,000 - U Accra
EPanama
15,000 -- - Subang
a Brindisi
. 10,000 U Dubai
5,000
0
Status Quo Optimal
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With a CI level that could distribute soap bars to an expected 7% of people affected by disasters,
the UNHRDs could improve their delivery performance by reallocating initial supplies. The
depots in Panama and Brindisi carried 40% of the status quo stockpiles. Ideally, Brindisi
should only hold 11%, or 2,681 units of CI; Panama, 0%. Accra should also not carry any
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Subang
stockpiles. The UNHRDs allocated no soap bars to Subang, the depot that optimally should
stockpile 20% of total soap bar supplies. Meanwhile, the depot in Dubai should hold 69% of
soap's CI. In the optimal blanket allocation, Dubai carried only 27% of CI. Hence, the
amount of initial supplies really influenced how inventory was pre-positioned at each of the five
depots.
4.3 Insight
Humanitarian relief organizations of varying sizes may not want to emulate how the
largest organizations pre-position their emergency relief supplies throughout warehouses around
the world. Rather, organizations should consider the amount of stockpiles and depots they have,
and then develop an allocation policy that matches their capita inventory capacity. Our model
demonstrated the importance of pre-positioning initial supplies appropriately. Initial supply
allocations influenced the UNHRDs' expected level of service, measured by 1) the percentage of
a disaster's TAP that can be served and 2) the average delivery time to deploy emergency items
to one disaster. The amount of capita inventory in stock influenced how to distribute initial
supplies throughout the five depots. The model, however, was based on certain assumptions,
which inherently created limitations. The next section recommends areas of further research
that address those limitations and summarizes our research.
58
5. Conclusion
The goal of humanitarian relief organizations is to serve and satisfy the needs of every
beneficiary affected by disasters. Because these organizations have limited budget, storage, and
transportation capacities, the strategic pre-positioning of initial inventories is one way to utilize
resources more efficiently, thus speeding up disaster response.
Our research applied a stochastic model to optimize the allocation of initial inventories
within the UNHRD network. From the model's results, we learned that the best allocation of
capita inventory depended on the number of initial supplies in stock. Optimal allocations did
not necessarily use all five depots. To minimize the total delivery time to all 852 disasters, the
model recommended Dubai as the first and only depot to stock 8,600 units or less of CI. Dubai,
the centrally located (and therefore convenient) depot, served all the sub-regions faster on
average than other depots could. As CI increased to 8,601 units; 10,348 units; 90,753 units; and
96,020 units, the model began to fill Brindisi, Subang, Panama, and Accra, respectively, to take
advantage of each depot's overall additional reductions in delivery times. In other words, at
each threshold, the total delivery cost of assigning an extra CI unit to a new depot was smaller
than allocating it to a depot with initial supplies.
By assessing how changes in CI affected optimal stockpile distributions, we developed a
two-part index to evaluate the UNHRDs' expected response capacity to cover a population
affected by a disaster and to deliver relief items to them. Applying the index, we evaluated how
well the selected seven UNHRD emergency relief items were pre-positioned: what fraction of an
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affected population could be served in what expected time frame. According to the items'
scores, their response capacities could be improved by altering the initial allocation of items.
For example, by reallocating initial supplies, the UNHRDs could shorten their average time to
deploy blankets to a disaster by 23%. The model's recommendations for the initial inventory
distribution can be strengthened by additional research outside the scope of our thesis.
5.1 Areas for Further Research
Section i: Replenishment Cycles
Inventory management depends on the stockpiles' replenishment policy. Supply
replenishment includes the frequency of, size of, and delivery time for inbound orders.
Because the replenishment cycle may also affect the UNHRDs' inventory holding costs (as well
as depend on the warehouses' capacities and donations), its impact could be included in the next
iteration of the model. Further research could also examine how many disasters generally
occur during one replenishment cycle. Although the LP model was capable of analyzing the
impact of multiple disasters within one cycle, our analysis assumed that the depots were
optimally stocked to respond to one disaster. To create a more thorough supply and demand
dataset in the model, further analysis on the probabilities of multiple, consecutive disaster
occurrences and replenishment times is necessary.
Section ii: Order Policy
For outbound deliveries to disasters, the UNHRDs bundle multiple items together from
each depot. Our model calculated the response capacity of each emergency relief item
separately. Also, it did not consider capacity constraints from chartering planes. Further
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research into optimized bundling and kitting of relief items, given a fixed capacity and number of
planes, may be useful. Researchers can also examine historical shipments to disasters to
determine ordering patterns by item, supplier, type and season of disaster, or other variables to
create a more representative demand dataset to run in the model.
Section iii: Delivery Costs
Dispatching emergency relief items incurs costs related to time and monetary expenses.
Our research concentrated solely on the time component, specifically the flight times between
depots and disaster sub-regions. Future research can extend in two directions. One, the entire
end-to-end time period from the event of the disaster to the receipt of relief items by
beneficiaries can replace our input for delivery times. Two, the model can include research into
chartered flight rates as a financial cost component in the model's objective function. Research
applying different preferences for the delivery time and financial cost components in the model's
objective function can yield dynamic results. For example, one can assess how the tradeoff
between response time and response costs affects inventory pre-positioning.
Section iv: Needs Assessment
Due to different magnitudes of disasters and their after-effects, people's need for relief
items varies in both items demanded and in intensity. For example, the demand from a disaster
with a total affected population of one million people is greater than that of a smaller disaster
with a total affected population of one thousand people. Ceteris paribus, 1,000 units of
emergency relief supplies would be valued more in the larger disaster than in the smaller one.
Similarly, people who waited over 24 hours for humanitarian assistance will be needier than
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those just hit by a comparable disaster. Our model did not quantify such subtle differences in
the formulation of the demand dataset: everyone in the total affected population was assigned
equal CI units. To modify the demand dataset, future research can analyze the variation of
needs that arise from different disasters and integrate it in defining the demand dataset.
5.2 Moving Forward
Our research contributed to building knowledge in the field of humanitarian response.
We prioritized delivery speed and expected TAP coverage as the most important measurements
of humanitarian response capacity during the emergency phase of large-scale disasters.
Humanitarian relief organizations must assess their stockpiles' expected performance to serve
those affected by large disasters. The organizations can then identify the potential
misallocation in stocking emergency relief supplies throughout their warehouses and develop a
more effective inventory policy.
The world will face more natural and man-made disasters in the future; therefore, it's
important that each relief organization continue to cooperate and collaborate in their disaster
response activities. Preparedness through stockpiling is one facet of disaster response. Our
research is part of an effort to measure and evaluate the response capacity of pre-positioning
emergency relief supplies. We hope that our research can assist the UNHRDs and other
humanitarian relief organizations with their disaster response initiatives, because "we must, and
we can, do better to be more predictable in our response to vulnerable populations around the
globe" (Humanitarian Response Review, 2005).
62
6. References
Acimovic, J. (2012). Lowering Outbound Shipping Costs in an Online Retail Environment by
Making Better Fulfillment and Replenishment Decisions. (Doctoral dissertation).
Retrieved from http://web.mit.edu/sgraves/www/papers/Acimovic%20Thesis%20
Final%202012-08-01 .pdf.
Acimovic, J. (2013). Stochastic programmingformulation response. Unpublished.
Adinolfi, C., Bassiouni, D. S., Lauritzsen, H. F., & Williams, H. R. (2005). Humanitarian
Response Review. Retrieved from http://www.humanitarianinfo.org/iasc/.
Akkihal, A. (2006). Inventory Pre-positioningfor Humanitarian Operations. (Master's
thesis, Massachusetts Institute of Technology). Retrieved from http://ctl.mit.edu.
Beamon, B. & Kotleba, S. (2006). Inventory modelling for complex emergencies in
humanitarian relief operations. International Journal of Logistics: Research and
Applications, 9(1), 1-18.
Beresford, A. & Pettit, S. (2012). Humanitarian Aid Logistics: The Wenchuan and Haiti
Earthquakes Compared. Hershey, PA: IGI Global.
Beristain, C. M. (2006). Humanitarian Aid Work. Philadelphia, PA: University of
Pennsylvania Press.
Centre for Research on the Epidemiology of Disasters. (2013). EM-DAT The International
Disaster Database. Retrieved from http://www.emdat.be/.
Centre for Research on the Epidemiology of Disasters. (2013). EM-DAT Database [Data
File]. Retrieved from http://www.emdat.be/database.
Daft Logic. (2013). Google Maps Distance Calculator. Retrieved from http://www.daftlogic.
com/projects-google-maps-distance-calculator.htm.
Davidson, A. L. (2006). Key Performance Indicators in Humanitarian Logistics. (Master's
thesis, Massachusetts Institute of Technology). Retrieved from http://ctl.mit.edu.
Everywhere, Jahre, M. & Navangul, K. A. (2011). Predicting the Unpredictable: Demand
Forecasting in International Humanitarian Response. Retrieved from
NOFOMA-Conference Proceedings, Harstad University College.
63
Fritz Institute. (n.d.). Humanitarian Logistics: Enabling Disaster Response [White Paper].
Retrieved from http://www.fritzinstitute.org/pdfs/whitepaper/enablingdisaster
response.pdf.
Google Maps. (2013). Maps. Retrieved from https://maps.google.com/.
Guha-Sapir, D., Vos, F., Below, R., & Ponserre, S. (2011). Annual Disaster Statistical
Review 2011: The Numbers and Trends. Retrieved from http://www.cred.be/sites/ default/
files/ADSR_2011 .pdf.
Haavisto, I. (2012). Disaster Impact and Country Logistics Performance. Hershey, PA: IGI
Global.
Humanitarian Emergency Response Review. (2011). Humanitarian Emergency Response Review.
Retrieved from http://www.alnap.org/pool/files/1414.pdf.
IBM. (2013). Linear Programming. Retrieved from http://www-01.ibm.com/software/
integration/optimization/linear-programming.
Kandel, C., Abidi, H., & Klumpp, M. (2011). Humanitarian Logistics Depot Location Model.
In P. Novais, J. Machado, C. Analide, & A. Abelha (Ed.) The 2011 European Simulation
and Modelling Conference. Conference Proceedings October 24-26, 2011 at the
University of Mino, Portugal (pp.288-293).
Knight, A. (2012). Creating a Frameworkfor a Humanitarian Response Capacity Index.
(Master's thesis, Massachusetts Institute of Technology). Retrieved from
http://ctl.mit.edu.
Richardson, D., de Leeuw, S., & Vis, I. F. A. (2010). Conceptualising Inventory Prepositioning
in the Humanitarian Sector. Retrieved from VU University, http://link.springer.com/
content/pdf/1 0.1007%2F978-3-642-15961-9_1 7.pdf.
Shapiro, A., Dentcheva, D., & Ruszczynski, A. (2009). Lectures on Stochastic Programming:
Modeling and Theory. Philadelphia, PA: Society for Industrial and Applied Mathematics.
Srivastava, U. K., Shenoy, G. V., & Sharma, S. C. (1989). Quantitative techniquesfor
managerial decisions: Concepts, illustrations and problems. New York, NY: Wiley.
The Sphere Project. (2013). The Sphere Handbook Humanitarian Charter and Minimum
Standards in Humanitarian Response. Retrieved from http://www.spherehandbook. org/.
64
Tatham, P. & Spens, K. (2011). Towards a humanitarian logistics knowledge management
system. Disaster Prevention and Management, 20(1), 6-26.
United Nations Humanitarian Response Depot. (2013). Humanitarian Response Depot.
Retrieved from http://www.hrdlab.eu/.
United Nations Humanitarian Response Depot. (2013). Real Time Stock Reports (P) [Data
File]. Retrieved from http://www.hrdlab.eu/.
65
Appendix
A: 852 EM-DAT Disaster Records of Total Affected Populations from 2008 to 2012_
Total Affected Total Affected Total Affected
No. Region Populatio No. Region No. Region Population
1 Southern Asia 5,400,755 36 Southern Asia 1,570,559 71 Southern Asia 615,638
2 Southern Asia 5,100,000 37 Western Africa 1,500,200 72 Eastern Africa 614,814
3 South Eastern Asia 4,901,763 38 Southern America 1,500,015 73 South Eastern Asia 600,000
4 South Eastern Asia 4,785,460 39 South Eastern Asia 1,496,668 74 Middle Africa 594,831
5 South Eastern Asia 4,478,491 40 Central America 1,255,265 75 South Eastern Asia 585,474
6 South Eastern Asia 4,451,725 41 Southern America 1,200,091 76 Southern Asia 575,200
7 Southern Asia 3,935,341 42 Eastern Asia 1,197,799 77 Eastern Asia 538,166
8 Eastern Asia 3,800,000 43 Southern America 1,150,900 78 South Eastern Asia 537,991
9 Caribbean 3,700,000 44 South Eastern Asia 1,150,300 79 Eastern Africa 524,153
10 Eastern Asia 3,649,800 45 South Eastern Asia 1,113,775 80 Southern Asia 523,000
11 Southern Asia 3,443,989 46 South Eastern Asia 1,108,224 81 South Eastern Asia 505,102
12 Southern Asia 3,267,183 47 Eastern Asia 1,000,589 82 South Eastern Asia 500,145
13 South Eastern Asia 3,030,846 48 Eastern Asia 1,000,058 83 Western Europe 500,079
14 Eastern Asia 3,000,000 49 Eastern Asia 1,000,000 84 Central America 500,000
15 Southern America 2,791,999 50 Eastern Asia 1,000,000 85 Southern Asia 500,000
16 Southern America 2,671,556 51 Central America 1,000,000 86 Southern Asia 500,000
17 Southern Asia 2,600,000 52 South Eastern Asia 1,000,000 87 Southern Africa 500,000
18 South Eastern Asia 2,501,798 53 South Eastern Asia 949,086 88 Southern Asia 500,000
19 South Eastern Asia 2,477,315 54 South Eastern Asia 944,781 89 Southern America 498,924
20 South Eastern Asia 2,420,000 55 Eastern Asia 900,000 90 Western Africa 485,000
21 Southern Asia 2,400,000 56 South Eastern Asia 875,343 91 South Eastern Asia 461,584
22 Eastern Asia 2,307,523 57 South Eastern Asia 839,573 92 South Eastern Asia 450,673
23 Southern Asia 2,200,000 58 Eastern Asia 810,000 93 Caribbean 450,019
24 Eastern Asia 2,100,000 59 Southern Asia 803,740 94 Southern America 450,012
25 Northern America 2,100,000 60 South Eastern Asia 802,175 95 South Eastern Asia 446,907
26 Southern Asia 2,100,000 61 Eastern Asia 780,000 96 South Eastern Asia 430,092
27 South Eastern Asia 2,009,026 62 South Eastern Asia 761,000 97 South Eastern Asia 430,000
28 Southern Asia 2,000,000 63 Eastern Asia 744,821 98 South Eastern Asia 429,463
29 Southern Asia 2,000,000 64 South Eastern Asia 716,110 99 Southern Asia 416,000
30 South Eastern Asia 1,972,446 65 South Eastern Asia 700,000 100 Eastern Asia 411,000
31 Eastern Asia 1,881,100 66 South Eastern Asia 700,000 101 South Eastern Asia 403,230
32 South Eastern Asia 1,700,089 67 Southern Asia 700,000 102 South Eastern Asia 401,007
33 South Eastern Asia 1,640,023 68 Southern America 680,000 103 Eastern Asia 400,000
34 Eastern Asia 1,600,000 69 South Eastern Asia 679,825 104 Southern Asia 400,000
35 Eastern Asia 1,600,000 70 South Eastern Asia 638,418 105 Central America 397,962
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Total Affected Total Affected Total Affected
No. Region No. Region No. Region
Population Population Population
106 South Eastern Asia 388,373 146 South Eastern Asia 221,422 186 Eastern Asia 140,000
107 South Eastern Asia 383,465 147 Eastern Africa 220,013 187 Western Africa 139,790
108 Northern America 370,000 148 Eastern Asia 220,000 188 South Eastern Asia 137,140
109 Eastern Asia 368,820 149 Middle Africa 220,000 189 Western Africa 134,573
110 South Eastern Asia 365,678 150 Eastern Asia 212,348 190 Eastern Asia 130,000
111 Southern Asia 362,582 151 Southern America 210,000 191 South Eastern Asia 128,887
112 Southern Asia 360,000 152 South Eastern Asia 204,190 192 Central America 128,618
113 Eastern Asia 351,000 153 Southern Asia 200,012 193 Eastern Asia 126,000
114 Southern Africa 350,000 154 Central America 200,000 194 Caribbean 125,050
115 Eastern Asia 340,000 155 Northern America 200,000 195 South Eastern Asia 121,005
116 South Eastern Asia 339,792 156 Southern Africa 200,000 196 Central America 120,000
117 South Eastern Asia 320,277 157 South Eastern Asia 200,000 197 Southern America 119,320
118 Central America 313,357 158 Southern Asia 200,000 198 Eastern Asia 118,000
119 Aus and New Zealand 301,500 159 South Eastern Asia 200,000 199 South Eastern Asia 118,000
120 Aus and New Zealand 300,002 160 Caribbean 197,616 200 Eastern Africa 115,215
121 Central America 300,000 161 Eastern Africa 192,132 201 Eastern Asia 112,000
122 South Eastern Asia 300,000 162 Central America 190,000 202 Northern Africa 111,455
123 Southern Asia 300,000 163 Southern America 190,000 203 Middle Africa 110,886
124 Southern America 289,122 164 Eastern Asia 186,000 204 South Eastern Asia 110,405
125 Eastern Africa 280,670 165 Eastern Asia 185,000 205 Southern Africa 110,000
126 Eastern Asia 274,000 166 Southern Asia 180,003 206 Central America 107,670
127 Eastern Asia 268,825 167 South Eastern Asia 178,091 207 Eastern Asia 106,000
128 Western Africa 264,000 168 Aus and New Zealand 175,000 208 Southern America 104,755
129 South Eastern Asia 260,049 169 Southern Asia 172,859 209 Eastern Europe 100,000
130 Southern Asia 257,786 170 South Eastern Asia 171,809 210 Southern Asia 100,000
131 Eastern Africa 250,284 171 Southern Asia 170,684 211 Southern America 100,000
132 Central America 250,000 172 Central America 170,000 212 Central America 97,611
133 Southern Asia 250,000 173 Southern Asia 167,949 213 South Eastern Asia 95,700
134 South Eastern Asia 248,058 174 Southern Asia 164,193 214 Eastern Asia 95,019
135 Southern Asia 247,110 175 Southern America 157,000 215 Southern America 94,800
136 South Eastern Asia 241,777 176 Eastern Asia 155,052 216 South Eastern Asia 94,229
137 South Eastern Asia 239,763 177 Central America 154,000 217 Eastern Asia 93,006
138 South Eastern Asia 235,545 178 Southern Africa 154,000 218 Central America 92,000
139 Eastern Asia 232,170 179 Western Africa 151,000 219 Eastern Africa 91,764
140 Central America 230,000 180 Western Africa 150,000 220 Eastern Africa 91,692
141 Southern America 227,860 181 South Eastern Asia 145,000 221 Eastern Africa 91,350
142 Western Africa 226,611 182 Middle Africa 144,579 222 Southern Asia 90,752
143 Southern Asia 225,000 183 Central America 143,018 223 Central America 90,000
144 Southern Asia 225,000 184 Eastern Asia 143,000 224 South Eastern Asia 89,761
145 Eastern Europe 224,725 185 Eastern Africa 141,164 225 Southern America 88,825
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226 South Eastern Asia 88,570 266 Eastern Africa 63,075 306 South Eastern Asia 50,000
227 Eastern Africa 85,015 267 Southern America 63,000 307 Southern America 49,506
228 Southern America 85,000 268 Eastern Africa 62,505 308 Caribbean 49,445
229 South Eastern Asia 85,000 269 Southern Asia 61,546 309 Eastern Asia 48,631
230 South Eastern Asia 84,420 270 South Eastern Asia 60,479 310 South Eastern Asia 48,333
231 Western Africa 81,473 271 Western Africa 60,238 311 South Eastern Asia 48,142
232 Middle Africa 81,400 272 Southern Asia 60,016 312 Caribbean 48,000
233 South Eastern Asia 80,920 273 Middle Africa 60,000 313 Southern America 47,655
234 Western Africa 80,391 274 Northern America 60,000 314 Eastern Asia 47,200
235 Southern America 80,000 275 South Eastern Asia 60,000 315 Southern America 47,164
236 Western Africa 79,129 276 Southern Asia 60,000 316 South Eastern Asia 47,137
237 Southern America 78,000 277 Northern Africa 59,050 317 South Eastern Asia 46,713
238 South Eastern Asia 75,638 278 South Eastern Asia 58,511 318 Central America 46,695
239 Southern Asia 75,320 279 South Eastern Asia 57,630 319 South Eastern Asia 46,132
240 Melanesia 75,300 280 Southern America 56,000 320 Caribbean 45,496
241 Northern Africa 75,003 281 Southern Europe 56,000 321 Eastern Europe 45,214
242 Caribbean 75,000 282 Eastern Africa 55,700 322 Eastern Africa 44,850
243 Middle Africa 75,000 283 Southern Asia 55,230 323 Western Africa 44,814
244 Southern Asia 75,000 284 Southern Asia 55,121 324 Eastern Asia 44,461
245 Southern Asia 75,000 285 Northern America 55,020 325 Eastern Asia 42,000
246 Southern Asia 75,000 286 Central America 55,000 326 Eastern Asia 41,500
247 Southern America 74,938 287 Southern Asia 54,323 327 Western Africa 40,411
248 Caribbean 73,122 288 Central America 53,000 328 Eastern Africa 40,200
249 Caribbean 73,006 289 Eastern Africa 52,000 329 South Eastern Asia 40,198
250 Central America 72,000 290 Southern America 50,953 330 Eastern Europe 40,059
251 Southern America 71,860 291 Northern Africa 50,900 331 Eastern Africa 40,000
252 Central America 71,000 292 Central America 50,696 332 Central America 40,000
253 Eastern Asia 70,190 293 Eastern Africa 50,200 333 Eastern Asia 40,000
254 Eastern Africa 70,000 294 Central America 50,136 334 Central America 40,000
255 Western Asia 70,000 295 Eastern Asia 50,011 335 Western Africa 40,000
256 Southern Asia 70,000 296 Eastern Asia 50,003 336 Southern Asia 40,000
257 Central America 69,798 297 Central America 50,000 337 South Eastern Asia 40,000
258 Middle Africa 67,500 298 Eastern Asia 50,000 338 Southern America 40,000
259 Eastern Asia 65,336 299 Eastern Africa 50,000 339 South Eastern Asia 40,000
260 Eastern Africa 65,137 300 Eastern Asia 50,000 340 South Eastern Asia 40,000
261 Eastern Africa 65,000 301 Southern Asia 50,000 341 South Eastern Asia 39,530
262 Southern Africa 65,000 302 Southern Asia 50,000 342 South Eastern Asia 39,520
263 Eastern Africa 64,918 303 Southern Asia 50,000 343 Melanesia 39,101
264 Eastern Asia 64,501 304 Southern Asia 50,000 344 South Eastern Asia 39,008
265 Eastern Asia 64,000 305 Southern America 50,000 345 Eastern Asia 38,785
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346 Central America 38,000 386 Western Asia 25064 426 Southern Asia 19,209
347 Eastern Europe 37,950 387 Northern America 25,000 427 Middle Africa 18,800
348 Caribbean 37,000 388 Eastern Africa 25,000 428 Central America 18,000
349 South Eastern Asia 37,000 389 Central America 25,000 429 Southern America 18,000
350 South Eastern Asia 35,734 390 Central America 24,675 430 South Eastern Asia 17,798
351 Southern Asia 35,041 391 Central America 24,610 431 Western Africa 17,767
352 Western Asia 35,020 392 Southern America 24,297 432 Middle Africa 17,355
353 South Eastern Asia 34,514 393 Eastern Africa 23,831 433 Central America 17,300
354 South Eastern Asia 34,325 394 Northern Africa 23,535 434 Northern America 17,200
355 Western Asia 32,938 395 Central America 23,292 435 Northern America 17,000
356 South Eastern Asia 32,616 396 Eastern Africa 23,291 436 Eastern Asia 17,000
357 South Eastern Asia 32,584 397 Western Africa 22,125 437 Eastern Africa 17,000
358 South Eastern Asia 31,680 398 Caribbean 22,085 438 Northern Africa 16,362
359 Southern America 31,600 399 South Eastern Asia 22,081 439 South Eastern Asia 16,191
360 Southern America 31,250 400 Caribbean 22,000 440 Melanesia 16,017
361 South Eastern Asia 31,130 401 Eastern Europe 22,000 441 Central Asia 16,000
362 Southern America 31,000 402 Southern America 22,000 442 Eastern Africa 16,000
363 South Eastern Asia 30,858 403 Eastern Asia 21,500 443 Western Africa 16,000
364 Eastern Africa 30,770 404 Eastern Africa 21,290 444 Western Africa 16,000
365 Southern America 30,618 405 South Eastern Asia 21,277 445 Western Asia 16,000
.366 Eastern Africa 30,040 406 Eastern Asia 21,160 446 Western Asia 15,550
367 Northern America 30,000 407 South Eastern Asia 20,700 447 Western Africa 15,486
368 Southern Asia 30,000 408 Southern Asia 20,545 448 South Eastern Asia 15,480
369 Eastern Asia 29,933 409 Western Asia 20,022 449 Western Africa 15,415
370 South Eastern Asia 29,184 410 Southern Asia 20,016 450 Southern America 15,400
371 Eastern Asia 29,000 411 South Eastern Asia 20,011 451 Southern Europe 15,300
372 South Eastern Asia 28,879 412 Southern Asia 20,002 452 South Eastern Asia 15,060
373 South Eastern Asia 28,500 413 Middle Africa 20,000 453 Eastern Africa 15,015
374 Western Africa 28,175 414 Central America 20,000 454 South Eastern Asia 15,007
375 Southern Asia 27,769 415 Caribbean 20,000 455 Eastern Africa 15,000
376 South Eastern Asia 27,683 416 Northern Africa 20,000 456 Eastern Asia 15,000
377 Southern Europe 27,030 417 Central America 20,000 457 Eastern Asia 15,000
378 Western Africa 26,965 418 Southern Africa 20,000 458 Eastern Asia 15,000
379 Southern Asia 26,700 419 Southern America 20,000 459 Aus and New Zealand 15,000
380 Caribbean 25,800 420 Southern Asia 20,000 460 Central Asia 15,000
381 Caribbean 25,700 421 Southern Europe 20,000 461 Eastern Africa 15,000
382 Southern America 25,475 422 South Eastern Asia 20,000 462 South Eastern Asia 15,000
383 Southern America 25,475 423 Central America 19,897 463 South Eastern Asia 15,000
384 Eastern Asia 25,319 424 Western Africa 19,755 464 Melanesia 14,984
385 Central America 25,232 425 Eastern Africa 19,366 465 Southern Europe 14,910
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466 Eastern Europe 14,450 506 Caribbean 10,745 546 Eastern Africa 8,658
467 Southern Europe 14,350 507 Eastern Europe 10,669 547 Eastern Africa 8,613
468 Southern America 14,201 508 Central America 10,663 548 South Eastern Asia 8,610
469 South Eastern Asia 14,161 509 Melanesia 10,556 549 Southern Asia 8,600
470 Southern Europe 14,000 510 Eastern Asia 10,515 550 South Eastern Asia 8,423
471 Eastern Asia 13,529 511 Southern Europe 10,347 551 South Eastern Asia 8,390
472 Middle Africa 13,262 512 Southern Europe 10,300 552 Central Asia 8,350
473 Southern Asia 13,151 513 Southern Asia 10,278 553 Middle Africa 8,020
474 Central America 13,014 514 Western Asia 10,121 554 Caribbean 8,007
475 Aus and New Zealand 13,000 515 South Eastern Asia 10,077 555 Southern America 8,007
476 Central Asia 13,000 516 Western Africa 10,006 556 Northern America 8,000
477 Central Asia 13,000 517 South Eastern Asia 10,006 557 Eastern Africa 8,000
478 Western Africa 13,000 518 Eastern Asia 10,004 558 Middle Africa 8,000
479 Southern America 13,000 519 Central America 10,000 559 Southern Asia 8,000
480 Caribbean 12,815 520 Caribbean 10,000 560 Southern America 8,000
481 Eastern Africa 12,795 521 Aus and New Zealand 10,000 561 Eastern Africa 7,957
482 Western Africa 12,571 522 Northern Africa 10,000 562 South Eastern Asia 7,921
483 Southern Asia 12,500 523 Caribbean 10,000 563 South Eastern Asia 7,883
484 South Eastern Asia 12,428 524 Central America 10,000 564 Central Asia 7,840
485 South Eastern Asia 12,400 525 Eastern Africa 10,000 565 Western Africa 7,615
486 South Eastern Asia 12,300 526 South Eastern Asia 10,000 566 Eastern Europe 7,539
487 Eastern Europe 12,237 527 South Eastern Asia 10,000 567 Northern Africa 7,520
488 Southern America 12,035 528 Southern Asia 10,000 568 Caribbean 7,500
489 South Eastern Asia 12,004 529 Western Asia 10,000 569 Western Africa 7,500
490 Caribbean 12,000 530 Western Africa 10,000 570 Eastern Europe 7,374
491 Eastern Europe 12,000 531 Aus and New Zealand 9,954 571 Western Asia 7,306
492 Aus and New Zealand 12,000 532 Caribbean 9,910 572 Aus and New Zealand 7,300
493 South Eastern Asia 12,000 533 Southern Asia 9,745 573 Eastern Africa 7,103
494 South Eastern Asia 12,000 534 Central America 9,523 574 Northern America 7,000
495 South Eastern Asia 11,864 535 Eastern Asia 9,508 575 Caribbean 7,000
496 Southern America 11,807 536 Caribbean 9,500 576 Melanesia 7,000
497 Central America 11,520 537 Central America 9,498 577 South Eastern Asia 7,000
498 Eastern Africa 11,346 538 Central Asia 9,400 578 Central America 6,821
499 Eastern Africa 11,160 539 South Eastern Asia 9,082 579 Eastern Africa 6,776
500 Southern Europe 11,050 540 Southern Asia 9,050 580 Central Asia 6,708
501 Caribbean 11,000 541 Eastern Africa 9,000 581 Southern America 6,655
502 Northern America 11,000 542 Aus and New Zealand 9,000 582 Western Africa 6,615
503 Middle Africa 11,000 543 Eastern Africa 8,969 583 Southern Europe 6,600
504 Southern Asia 11,000 544 South Eastern Asia 8,828 584 Southern America 6,548
505 Central America 10,800 545 Western Africa 8,750 585 Eastern Asia 6,499
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586 Middle Africa 6,450 626 South Eastern Asia 4,600 666 Eastern Africa 3,376
587 Southern America 6,440 627 Caribbean 4,565 667 Southern Asia 3,309
588 Eastern Africa 6,310 628 Melanesia 4,561 668 Central America 3,270
589 Central America 6,296 629 Eastern Asia 4,549 669 Eastern Europe 3,250
590 Caribbean 6,257 630 South Eastern Asia 4,498 670 Southern Europe 3,210
591 Eastern Africa 6,252 631 Southern America 4,300 671 Aus and New Zealand 3,200
592 Caribbean 6,100 632 Southern Asia 4,300 672 Southern Europe 3,150
593 Central America 6,075 633 South Eastern Asia 4,250 673 Middle Africa 3,095
594 Eastern Africa 6,000 634 Central America 4,248 674 Caribbean 3,070
595 South Eastern Asia 6,000 635 South Eastern Asia 4,001 675 Southern Asia 3,065
596 South Eastern Asia 6,000 636 Eastern Africa 4,000 676 South Eastern Asia 3,049
597 Southern Africa 6,000 637 Caribbean 4,000 677 Central America 3,028
598 Eastern Africa 5,937 638 Eastern Europe 4,000 678 Eastern Africa 3,023
599 Eastern Africa 5,721 639 Southern Asia 4,000 679 Caribbean 3,000
600 South Eastern Asia 5,607 640 Southern Africa 4,000 680 Eastern Asia 3,000
601 Polynesia 5,585 641 Southern Asia 4,000 681 Aus and New Zealand 3,000
602 Eastern Asia 5,440 642 Southern America 4,000 682 Central America 3,000
603 Eastern Europe 5,235 643 Northern Europe 3,900 683 Middle Africa 3,000
604 Western Africa 5,220 644 Middle Africa 3,895 684 Northern America 3,000
605 Southern Europe 5,140 645 Melanesia 3,845 685 Northern Africa 3,000
606 Eastern Asia 5,136 646 Southern Africa 3,789 686 Central America 3,000
607 Eastern Asia 5,119 647 Southern America 3,761 687 Caribbean 3,000
608 Northern America 5,060 648 Southern Europe 3,708 688 Northern Europe 3,000
609 South Eastern Asia 5,028 649 Southern Asia 3,705 689 Aus and New Zealand 3,000
610 Caribbean 5,020 650 Eastern Africa 3,668 690 Central Asia 3,000
611 Eastern Asia 5,014 651 Eastern Africa 3,608 691 Western Africa 3,000
612 South Eastern Asia 5,003 652 Western Asia 3,600 692 South Eastern Asia 3,000
613 Eastern Africa 5,000 653 Southern Asia 3,600 693 South Eastern Asia 3,000
614 Caribbean 5,000 654 Southern Africa 3,576 694 Southern Africa 3,000
615 Middle Africa 5,000 655 Southern Africa 3,550 695 Western Asia 3,000
616 Western Asia 5,000 656 Central Asia 3,530 696 Southern America 3,000
617 Southern Asia 5,000 657 Central America 3,525 697 Southern America 3,000
618 Southern Africa 5,000 658 Southern America 3,510 698 Middle Africa 2,935
619 Southern Asia 5,000 659 Eastern Europe 3,500 699 Eastern Africa 2,800
620 Southern Europe 5,000 660 Northern Africa 3,500 700 Southern Africa 2,773
621 Middle Africa 4,895 661 Eastern Africa 3,500 701 Middle Africa 2,770
622 Central America 4,860 662 Southern America 3,500 702 Northern America 2,770
623 Melanesia 4,836 663 South Eastern Asia 3,500 703 Southern America 2,681
624 Northern America 4,800 664 Eastern Europe 3,444 704 Southern Europe 2,630
625 Middle Africa 4,650 665 Polynesia 3,411 705 Eastern Asia 2,610
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706 Northern Africa 2,548 746 Aus and New Zealand 2,000 786 South Eastern Asia 1,475
707 Central Asia 2,531 747 Eastern Asia 2,000 787 Western Africa 1,470
708 Caribbean 2,506 748 Northern Africa 2,000 788 South Eastern Asia 1,351
709 Caribbean 2,500 749 Northern America 2,000 789 Southern Europe 1,350
710 Caribbean 2,500 750 Southern Asia 2,000 790 South Eastern Asia 1,345
711 Polynesia 2,500 751 Southern America 2,000 791 South Eastern Asia 1,315
712 Eastern Africa 2,500 752 South Eastern Asia 2,000 792 Northern America 1,305
713 Eastern Africa 2,500 753 South Eastern Asia 2,000 793 Eastern Asia 1,300
714 Southern America 2,500 754 Southern America 2,000 794 South Eastern Asia 1,300
715 Southern America 2,500 755 South Eastern Asia 2,000 795 Southern Asia 1,280
716 South Eastern Asia 2,500 756 Middle Africa 1,943 796 South Eastern Asia 1,234
717 Southern Asia 2,500 757 Central Asia 1,914 797 Eastern Europe 1,200
718 Western Africa 2,500 758 Middle Africa 1,831 798 Eastern Europe 1,200
719 Middle Africa 2,472 759 Central America 1,800 799 Eastern Africa 1,200
720 Eastern Europe 2,406 760 South Eastern Asia 1,793 800 Aus and New Zealand 1,200
721 Southern Europe 2,400 761 Middle Africa 1,765 801 Southern Asia 1,200
722 South Eastern Asia 2,391 762 Middle Africa 1,755 802 Central Asia 1,197
723 South Eastern Asia 2,373 763 Southern America 1,754 803 Middle Africa 1,167
724 Southern America 2,364 764 Eastern Africa 1,750 804 Southern America 1,153
725 Caribbean 2,358 765 Southern Europe 1,750 805 South Eastern Asia 1,152
726 Western Africa 2,350 766 Western Asia 1,750 806 Northern America 1,150
727 Western Europe 2,300 767 Southern America 1,668 807 South Eastern Asia 1,150
728 Caribbean 2,271 768 Eastern Asia 1,616 808 Melanesia 1,126
729 Polynesia 2,202 769 Central America 1,610 809 Eastern Europe 1,120
730 Central America 2,180 770 Southern America 1,600 810 Southern Europe 1,100
731 Central Asia 2,130 771 South Eastern Asia 1,600 811 Central America 1,075
732 Northern America 2,103 772 Middle Africa 1,585 812 Southern Asia 1,070
733 Western Europe 2,100 773 South Eastern Asia 1,578 813 Eastern Europe 1,060
734 Caribbean 2,080 774 Caribbean 1,544 814 South Eastern Asia 1,060
735 Southern Asia 2,067 775 Northern Europe 1,500 815 Southern America 1,054
736 South Eastern Asia 2,060 776 Caribbean 1,500 816 Southern America 1,048
737 Southern Asia 2,030 777 Eastern Africa 1,500 817 South Eastern Asia 1,045
738 Northern Africa 2,006 778 Eastern Africa 1,500 818 South Eastern Asia 1,045
739 Western Asia 2,001 779 Central America 1,500 819 Southern Europe 1,040
740 Central America 2,000 780 Eastern Africa 1,500 820 Northern America 1,038
741 Central America 2,000 781 Northern America 1,500 821 Western Africa 1,028
742 Eastern Asia 2,000 782 Southern America 1,500 822 Western Asia 1,002
743 Northern America 2,000 783 Western Asia 1,500 823 Northern America 1,000
744 Caribbean 2,000 784 South Eastern Asia 1,500 824 Aus and New Zealand 1,000
745 Eastern Europe 2,000 785 South Eastern Asia 1,486 825 Caribbean 1,000
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826 Central America 1,000
827 Northern America 1,000
828 Northern America 1,000
829 Aus and New Zealand 1,000
830 South Eastern Asia 1,000
831 South Eastern Asia 1,000
832 Southern America 1,000
833 South Eastern Asia 1,000
834 Melanesia 950
835 Western Africa 950
836 South Eastern Asia 927
837 South Eastern Asia 920
838 Northern America 900
839 South Eastern Asia 900
840 South Eastern Asia 871
841 Southern Africa 857
842 Eastern Africa 845
843 Northern America 822
844 Eastern Africa 820
845 Southern Europe 810
846 Middle Africa 800
847 Southern America 800
848 Southern Europe 800
849 Northern Africa 793
850 Central America 762
851 Eastern Africa 755
852 Eastern Asia 754
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B: Geogratphical Distances in Miles between Depots and Sub-Regions
Depot Accra Brindisi Dubai Panama Subang
Sub-Region
Aus. and New Zealand 9,499 9,038 6,617 9,554 3,262
Caribbean 5,225 5,534 8,016 892 10,727
Central America 3,999 5,716 7,387 720 10,992
Central Asia 5,102 2,279 1,617 7,978 3,462
Eastern Africa 2,618 2,953 1,974 7,838 4,398
Eastern Asia 7,096 4,490 3,130 9,070 2,505
Eastern Europe 4,163 1,621 2,548 6,458 5,624
Melanesia 10,262 8,431 6,392 9,087 3,027
Micronesia 10,748 8,192 6,626 8,250 4,323
Middle Africa 2,222 2,831 2,851 7,002 5,575
Northern Africa 2,057 1,008 1,843 7,180 5,223
Northern America 6,375 5,110 6,800 3,269 8,126
Northern Europe 4,079 1,616 3,231 5,863 6,006
Polynesia 10,234 10,577 10,714 4,700 6,963
Russia 6,502 3,500 3,471 7,668 3,986
Southern America 5,464 6,568 8,926 2,513 9,902
South Eastern Asia 8,299 6,344 4,448 10,378 1,574
Southern Africa 2,825 4,988 4,404 7,293 5,598
Southern Asia 5,227 3,566 1,336 9,710 2,252
Southern Europe 2,442 1,091 3,378 5,211 6,337
Western Africa 529 2,474 3,866 5,000 7,202
Western Asia 6,079 4,408 2,783 9,832 2,188
Western Europe 2,831 861 3,280 5,480 6,461
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